Background: In Australia, many community service program data collections developed over the last decade, including several for aged care programs, contain a statistical linkage key (SLK) to enable derivation of client-level data. In addition, a common SLK is now used in many collections to facilitate the statistical examination of crossprogram use. In 2005, the Pathways in Aged Care (PIAC) cohort study was funded to create a linked aged care database using the common SLK to enable analysis of pathways through aged care services. Linkage using an SLK is commonly deterministic. The purpose of this paper is to describe an extended deterministic record linkage strategy for situations where there is a general person identifier (e.g. an SLK) and several additional variables suitable for data linkage. This approach can allow for variation in client information recorded on different databases. Methods: A stepwise deterministic record linkage algorithm was developed to link datasets using an SLK and several other variables. Three measures of likely match accuracy were used: the discriminating power of match key values, an estimated false match rate, and an estimated step-specific trade-off between true and false matches. The method was validated through examining link properties and clerical review of three samples of links. Results: The deterministic algorithm resulted in up to an 11% increase in links compared with simple deterministic matching using an SLK. The links identified are of high quality: validation samples showed that less than 0.5% of links were false positives, and very few matches were made using non-unique match information (0.01%). There was a high degree of consistency in the characteristics of linked events. Conclusions: The linkage strategy described in this paper has allowed the linking of multiple large aged care service datasets using a statistical linkage key while allowing for variation in its reporting. More widely, our deterministic algorithm, based on statistical properties of match keys, is a useful addition to the linker's toolkit. In particular, it may prove attractive when insufficient data are available for clerical review or follow-up, and the researcher has fewer options in relation to probabilistic linkage.
Background
Since the 1980s the Australian Government has implemented numerous reforms to expand the focus of provision of aged care provision from residential care to include a wide range of community care services. Computerised person-level data are collected for administrative purposes for all residential care, but for only some community care programs. To fill this data gap, over the last 10 years several client-level national minimum datasets have been developed to provide regular information on government community service programs [1] [2] [3] . However, aged care programs generally have many distinct service providers, both government and non-government, and, for many programs, clients do not have a unique identifier within the program dataset that can be used to identify readily all of a person's program use.
To enable the derivation of client-level data, many of the community service program data collections contain a statistical linkage key (SLK) based on the concatenation of selected letters of name, date of birth and sex. The purpose of the SLK is to enable data linkage for statistical and research purposes while protecting client privacy, and not for client identification for administrative use or case management. In this context, "the process of linking client records does not need to be 100% accurate. Rather, statistical record linkage need only be sufficiently accurate to enable the drawing of statistically valid conclusions" [4] .
In the Australian community services datasets the purpose of the SLK is then primarily to allow clientlevel analysis within particular government programs. However, when developing the datasets it was realised that the use of a common linkage key would greatly facilitate the statistical examination of cross-program use and care pathways. To allow for this possibility, a common SLK is now used in a number of data collections on government community services programs, including those relating to aged care and disability [1] [2] [3] . Linking the datasets is not routine, and requires approval from a properly constituted ethics committee (see [5] ) and permission from all relevant data custodians.
Data linkage is a powerful tool both for identifying multiple appearances of individuals within a dataset and for integrating client information across datasets. As the information recorded for an individual may vary from dataset to dataset -due to either differences in reporting (e.g. in first name) or errors -a robust linkage process should allow for some discrepancy in reported characteristics. There are two main types of data linkage: probabilistic record linkage in which the linkage of records in two (or more) files is based on the probabilities of agreement and disagreement between a range of match variables, and deterministic record linkage in which the linkage of records is based on exact agreement of match variables.
Probabilistic matching allows for variation in reported characteristics by deriving a measure of similarity across variables used to identify matches, called the match weight. This is then used to decide whether a particular pair-wise comparison between records on two datasets is accepted (high weight) or rejected (low weight) as a match, or link [6, 7] . Clerical review of possible record matches is often used to decide both the total weight above which record pairs are acceptable as a match and to determine whether matches with weights near this boundary should be considered to be valid [8] [9] [10] [11] . Less commonly, a cut-off point for accepting matches is estimated using statistical models of probabilistic linkage, circumventing the need for clerical review [12] . In this approach detailed limited clerical follow-up may also be desirable to validate the process. Simple deterministic linkage cannot allow for variation in reporting. However, deterministic algorithms can be constructed which can, and "[A]n intricate deterministic algorithm can be as successful -or more successfulthan probabilistic algorithms in identifying valid links" [8] .
Irrespective of method, when linking any pair of records four outcomes are possible: a true match (true positive), no match (true negative), a mis-match (false positive) and a missed match (false negative). In any linkage study, false negatives are caused by inconsistent reporting (or non-reporting) of data items across different datasets (i.e. data quality/consistency issues), while false positives are caused by different people, either rightly or wrongly, having common linkage data. False negatives are more likely to occur in simple deterministic matching than in probabilistic matching because client information may change depending on who provides the data and when the information is collected [13] .
When linking using an SLK, additional data may be available that could assist record matching, with the auxiliary information providing a platform from which variation in the reported SLK information can be considered. The purpose of this paper is to describe a stepwise deterministic record linkage strategy for situations where there is a general person identifier (e.g. an SLK) and several additional variables suitable for data linkage. The auxiliary data may be available for nearly all clients or for a particular subset. This approach can allow for variation in client information across large databases in health and community care, and is demonstrated for the Pathways in Aged Care (PIAC) cohort study.
Methods
Current context: Pathways in Aged Care (PIAC) cohort study Over a period people may access several community care programs and/or residential aged care. Coordination of these aged care services is important both to provide services cost-effectively and to provide the appropriate care for people at the appropriate time [14] . Between 2001-02 and 2005-06, four key programs in Australia accounted for around 85% of government expenditure on programs delivering community aged care (excluding assessment services) [15] . Datasets for these key community care programs, along with those for aged care assessments, residential aged care and deaths, are included in the PIAC study (see Table 1 for a brief description).
Client level data became available nationally for all the main aged care and assessment programs with the implementation in April 2003 of the person-level Aged Care Assessment Program (ACAP) national minimum dataset Version 2 [2] . However, the data for the various programs are held on different datasets so that analyses have continued primarily to be program-specific [16] [17] [18] [19] .
The aged care datasets do not share a common unique person identifier, and most do not contain full name data. Nevertheless, all either explicitly contain or have sufficient information to derive a common statistical linkage key termed SLK-581. This key, first proposed for the dataset for the Home and Community Care program [20] , is the concatenation of five selected letters of name, eight digit date of birth and sex. Analyses have shown that SLK-581 distinguishes well between individuals in aged care datasets [20] [21] [22] . Consequently, the datasets can be linked using this SLK. In addition, depending on the datasets being matched, there are common data items -such as area of usual residence and event data -that could be used to aid the record linkage.
In 2005, a research team centred at the Australian Institute of Health and Welfare (AIHW) successfully applied for a National Health and Medical Research Council Strategic Award to undertake the PIAC cohort study. The purpose of this project is to create a linked dataset using data from the main aged care and assessment programs and to then undertake analyses of pathways in aged care over 24 months from the time of aged care assessment in 2003-04.
For the PIAC study, the cohort of interest is people who had a completed aged care assessment reported on the 2003-04 ACAP national dataset Version 2 (just over 105,000 people). The study required linking 10 datasets covering six aged care programs and deaths (Table 1) . Deaths data were included to establish whether and when cohort members died within the study period. To be able to identify program use both before and after the reference year Before data linkage was undertaken, ethics approval and permission to use the required data were obtained from all relevant bodies. In addition, to protect the privacy of individuals, all linkage was carried out within the AIHW using the Institute's data linkage protocol [23] .
Basic strategy
Data linkage for the PIAC cohort study was undertaken using multiple deterministic match passes in conjunction with an algorithm for identifying suitable match keys and the order in which they should be used. The deterministic match keys were based on (but not limited to) components of the common SLK. This approach was chosen because it does not rely on clerical review using name and/or address data -information which is not available on many of the datasets in the PIAC project.
To avoid unnecessary matching processes, a staged approach was employed which progressively linked the datasets two at a time ( Figure 1 ). The order of linking the datasets was based on the availability of additional data for linkage and the quality of the linkage data. For PIAC, there were seven linkage stages in all, with match rates estimated to range from 3% to over 60%, depending on the stage (based on one-step deterministic matching using SLK-581, Table 2 ).
The stepwise deterministic linkage strategy for each stage consisted of four phases. These are outlined below using stage 3 of the PIAC linkage to illustrate the processes ( Figure 1 ). Stage 3 matches integrated residential care and community care packages (RCCP) data to the PIAC cohort as identified through the 2003-04 ACAP dataset. Simple deterministic matching using SLK-581 showed that at least 64% of the PIAC cohort would link to the RCCP dataset ( Table 2 ).
Phase 1: Client identification within the two datasets
Individual clients are identified differently on the various datasets, depending on whether or not the dataset contains an administrative program client identifier. The RCCP dataset was derived in stage 1 from datasets with program client identifiers, and these were used to identify individuals. A small number of duplicate client records in the administrative datasets were identified and removed [21] .
The ACAP dataset used to define the PIAC cohort does not contain either a unique program client identifier or name information, and so clients were defined using SLK-581 in conjunction with broad region of usual residence (first digit of postcode, which denotes Australian state or territory).
Phase 2: Identifying data for matching the specific dataset pair
The data to be used for linking are context-dependent. For stage 3, three additional variables were identified for matching in addition to SLK-581: postcode of residence, aged care assessment date and assessment team identifier.
The RCCP data can contain several postcodes for the same client over a year. When linking RCCP to the PIAC cohort two postcodes were allowed for: one community postcode and one relating to a residential care facility that the client had been in for permanent care during 2003-04.
Phase 3: Identification of keys to use in matching
Match keys to be used for linking were defined in terms of the SLK-581 (divided into five components) and additional available linkage data -postcode, aged care assessment date and assessment team identifier for stage 3. Many combinations of these eight variables could be used to define match keys (see, for example, Table 3 just using SLK-581 and region). To ensure that any employed match keys were based on combinations which both discriminated well between individuals and would not introduce too many false positives, a key was identified as suitable for matching using three criteria:
Discriminating power: 97.5% clients within each dataset had to have a unique value for the match key.
Likelihood of introducing false matches: The estimated theoretical false match rate for links established using the match key could be no more than 0.5%.
Trade-off between additional true and additional false matches: The estimated theoretical trade-off between additional true and additional false matches made with the key given matches already identified had to be at least 2 to 1.
The first of these criteria limits the testing of suitability to those keys that distinguish between individuals with reasonably high probability, while the second and third criteria ensure that an employed key adds few false matches given any matches which have been made in earlier passes. Appendix A provides details of the construction of measures used to implement these criteria, and presents estimates for stage 3.
Any combination of SLK-581 elements and additional match variables (i.e. potential match keys) that met all Note: For the datasets with administratively-derived person identifiers, data for all years in the study were linked at the same time. For data sets with clients identified by SLK-581 data were linked for each year separately to allow for variation over time in reported SLK-581. 
of the above criteria was used for matching the two datasets. Overall, 115 match keys were selected to match the PIAC cohort to the RCCP dataset, including 19 without ACAP assessment data.
Phase 4: Stepwise matching using selected match keys
Using the selected match keys, stepwise linkage was then carried out, with order of use determined by the discriminating power of the keys (going from high to low). Variation in match key elements identified through previous stages was also incorporated into match steps where relevant, resulting in the use of 215 versions of the 115 selected match keys. All links identified by the selected match keys were accepted as valid, with the exception of duplicate matches. In this case, a match was selected at random.
Validation
Three methods were used to validate the stepwise deterministic linkage strategy. First, the quality of the data used to identify links was examined. Second, we analysed the distribution of identified links across the selected match keys and the consistency between client characteristics for linked pairs. Finally, clerical review of three random samples of links was undertaken to estimate the level of false matches.
Results
For stage 3 of the PIAC linkage 72.6% of the PIAC cohort dataset linked to the RCCP dataset, corresponding to 18.4% of the RCCP dataset (Table 2 ). Comparing the achieved match rates with those based on simple matching on SLK-581 indicates that using extra information in the match keys (i.e. non SLK-581 data) allowed for variation in reported SLK-581 when matching. The quality of these links depends both on the quality of the data used to establish matches and on the ability of these data to distinguish between individuals. In the discussion below, the quality of the data used in the linkage is examined before analysing the results from the linkage process. The validity of established links is then discussed.
Quality of match data
The presence of missing data reduces the likelihood of identifying true matches. The number of missed matches will also be relatively high if there are unreliable data on either of the datasets. For both datasets in stage 3 more than 97.8% of clients had complete SLK-581 data. However, the PIAC cohort dataset was more likely to have missing SLK-581 elements than RCCP data (2.1% versus 1.1%). In both datasets over 99.9% of client records with complete SLK-581 data had a unique SLK-581. The availability of additional data (i.e. other than SLK-581) necessarily varies depending on the datasets being matched. For stage 3, 98.2% of the PIAC cohort dataset had valid postcode data. In the RCCP dataset, 99.0% of clients had at least one community postcode and 45.7% had a postcode relating to a residential care facility that the client had been in for permanent care during 2003-04.
Aged care assessment date and team data were available for all clients in the PIAC cohort dataset. On the other hand, many RCCP clients did not have an aged care assessment in 2003-04, and so these data were available for just 27% of all RCCP clients.
Data linkage
Not all match keys identify links. Links between the PIAC cohort and RCCP data were made by 160 match keys out of the 215 used (including versions using previously identified SLK-581 and region variations).
The main purpose of a match key is to establish links. However, a close look at the list of keys used for stage 3 (see Table 4 and Table 5) suggests that many of the links would have been established using less discriminating -but still suitable -keys. Applying all selected keys in order has two advantages. First, using highly discriminating keys obviates the need to choose between records for clients with non-unique linkage information, thereby improving match quality. For stage 3, only 0.01% of matches were made between clients with non-unique match information for the identifying match key on either the PIAC cohort or RCCP datasets. Second, the range of elements included in keys can be used to show the relative strength of identified matches. Nearly 60% of stage 3 matches were made with the most detailed (i.e. first) match key. Also, while assessment event data were available for just over one-quarter of the RCCP clients, match keys incorporating these data identified 89% of the matches; however, only 1 in 50 matches needed this data to make the match. Furthermore, all but 0.4% of matches were made using keys for which the proportion of clients with a unique value was over 99.9%. These results indicate that the matches are highly reliable.
Using auxiliary information in the linkage increased the match rate by 11% for stage 3, with just over 90% of links between the PIAC cohort and RCCP datasets matching exactly on SLK-581. Just over 2% of matches were made using SLK-581 and region variations identified in stages 1 and 2. Also, 1.7% of links were for PIAC cohort members with incomplete SLK-581 information on the source ACAP dataset.
Data on region of residence was critical in identifying the additional matches, reflecting the high availability of this information, the strong discriminating power of residence in small regions and the relatively low availability of event data. Overall, 98% of the PIAC-RCCP matches could have been made by match keys which only used components of SLK-581 and region of residence.
Linkage validation
Identified matches were consistent with other client information. Nearly 98% of the PIAC cohort whose assessment on the ACAP 2003-04 dataset was reported as being in residential care linked to the RCCP dataset. Also, there were few inconsistent links between the PIAC cohort, RCCP and deaths data: only 0.16% of the PIAC cohort had a link to a death record with a date of death before either an aged care assessment or program use identified by linking to RCCP data.
As permitted under project ethics approvals, link quality was explicitly investigated using the name information available on the deaths and RCCP datasets to review identified links clerically. Lack of full name on the PIAC cohort dataset prevented the RCCP to cohort linkage from being used for the comparisons. Table 3 for definition of keys; '600' series include assessment date; '700' series linkage keys include assessment team identifier. Three samples of around 1000 RCCP-deaths links (from stage 2) were randomly selected and the full name, date of birth, sex, postcode and event data from the two data sources were manually compared to identify any false positives. Very few false matches were identified in these samples: 0, 1 and 5. This last was for the sample selected from among the 16128 links in which the SLK-581s of matched records were different. Because of the SLK differences, these links were considered to be more likely to be of low quality; however, even in this sample just 0.5% were identified as false positives.
Discussion
Variation in linkage data when identifying matches deterministically was made possible by employing a set of three criteria for judging whether a combination of variables could be used to identify matches without resulting in too many false matches. A measure of a key's discriminating power was used to select a set of match keys to be investigated for use for linking two datasets. An estimated false match rate for each of these keys was then calculated and only match keys with an estimate under 0.5% were retained. Sometimes keys were further excluded on the basis that the estimated number of additional false matches was too high relative to the estimated number of additional true matches when allowing for matches made in earlier passes. All links identified by the selected match keys were accepted as valid, with the exception of the very small number of duplicate matches.
The occurrence of false negatives and false positives when matching between datasets is an issue faced by all studies using data linkage. Under-identification of matches is an expected limitation of linking deterministically using a single SLK, particularly when elements of the key may be missing or set to a default value when unknown. For the PIAC project, the occurrence of missed links was reduced through the use of methodical stepwise linkage using additional data items in combination with the SLK. This facilitated matches when the SLK had been reported inconsistently for individuals, including people with partially missing data in some datasets. In addition, by using the most discriminating match keys first, the algorithm aided correct matching in the small number of cases where different people had identical SLKs. These issues are particularly important for studies covering several years and multiple datasets, as people can report their name or date of birth differently on different occasions [13] . Data on the commonly available variable region of residence was critical in both situations.
The match key selection process and stepwise deterministic matching decreased the chances of making false matches by limiting match keys to those highly likely to lead to true matches, and by reducing the likelihood of duplicate matches. That this approach was successful is indicated by the high level of consistency observed in identified links and the very low false match rates seen in the clerical review of test samples.
The importance of allowing for variation in reported personal information (i.e. in the SLK) was demonstrated by the number of matches made using either identified The amount of variation in the SLK allowed when linking various datasets depended on the availability of additional linkage information. However, additional data may not be available for all clients. The absence of additional linkage information means that less variation in the SLK can be allowed when identifying matches. Consequently, links for clients without data for additional match variables are more likely to be missed than those for other clients. However, in the PIAC linkage, additional information which was commonly unavailable for clients (i.e. event data) was necessary to identify only a small proportion of links (2% in stage 3), so that the overall effect on analyses is expected to be small.
Conclusions
Simple deterministic matching is usually used to link datasets when matching using an SLK. However, such an approach leads to missing matches due to inconsistent reporting of SLK components. The linkage process for the PIAC cohort study has demonstrated that a stepwise deterministic matching algorithm with appropriate stopping rules can be used to allow for variation in reported personal information.
Three criteria were developed for judging whether a specific combination of variables could be used as a match key to identify matches without resulting in too many false matches. All three measures are readily derivable and provide a means of gauging the likelihood of making false matches and the trade-off between additional true and false matches when reducing the number of variables used to identify a match.
The importance of allowing for variation in reported personal information (i.e. in the SLK) was demonstrated in the current application by the number of matches made using reduced SLK data in conjunction with other information. The very low false match rates seen in sample comparisons using full name data demonstrated that the criteria employed to choose usable match keys restricted the number of false matches. This was confirmed by the high degree of consistency found both in the individual links and in the implied care pathways.
For the PIAC study, the linkage process described in this paper has allowed the compilation of a linked database that will enable a broad range of issues relating to Australian aged care services to be examined for the first time. In particular, it will provide information on the care actually accessed by clients following an assessment for service use and it will allow investigation into factors which influence entry to community or residential care. More widely, the deterministic matching algorithm used to link the various datasets in the PIAC cohort study relied on identifying suitable match keys using a set of criteria concerning their statistical properties. Similar criteria could be used in other linkage projects to allow for variation in client information across large databases in health and community care. Using a deterministic matching algorithm may be attractive in those circumstances when sufficient data are not available for the clerical review or follow-up that a researcher may like to include when using probabilistic linkage.
Appendix A: Identification of match keys for stepwise deterministic matching in PIAC Successive matches were made using different match keys at each pass, each match key being defined in terms of selected components of SLK-581 and additional available linkage data. Within a PIAC linkage stage, match keys were identified for linking by evaluating a large range of keys based on:
• three letters of surname (s3) in SLK-581 (always together)
• two letters of given name (g2) in SLK-581 (always together)
• day and month of birth (always together)
• year of birth • sex • region (using state, full four-digit postcode, or first two digits of postcode)
• additional event date for matching • other additional data for matching. The specific data used for linking at each stage were context-dependent.
There are 128 possible keys based on the presence or absence of the first six elements above, using the three regional groupings separately (Table 3) .
Many of the keys listed in Table 3 are too broad to be considered for deterministic linking: on face value alone keys 100 to 128 would not be contemplated. To select keys to be considered for matching, only keys that were estimated to have fewer than four times as many people with non-unique match keys as SLK-581 were investigated. Keys 1 to 20 in Table 3 met this criterion. Using additional variables increases the number of theoretically possible distinct keys and hence the number of potential match keys that meet this criterion. The least specific keys investigated for use when aged care assessment date, assessment team identifier or date of death (in conjunction with region) were available were keys 64, 46 and 74, respectively, in Table 3 .
In the absence of clerical review, the decision on whether a particular match key combination could be used for matching two particular datasets was based on three measures:
Measure A A measure of discriminating power (termed the joint unique key rate, and expressed as a percentage). This is the product of the unique key rates for the two datasets being linked, where the unique key rate is the proportion of records within a dataset that have a unique value for the key in question. A discriminating power of at least 95.0% was required for the key to be considered for matching, equating to a unique key rate of at least 97.5% within each dataset. This measure assumes that rare combinations of variables within a dataset are less likely than more common combinations to result in false matches between datasets.
Measure B
An estimated false match rate (FMR) for links established using the match key. This had to be less than 0.5% for a key to be considered for the matching process.
Measure C
Estimated trade-off between additional true and additional false matches for links established using the match key when compared with matches made by a slightly more precise key. The ratio of additional true to additional false matches had to be at least 2:1 for the key to be used for matching.
All three criteria had to be met by a potential match key for it to be included in the stepwise linking.
The above three measures were calculated prior to full linkage, with the latter two derived by applying the approximation methods outlined in Karmel and Gibson [24] . In the current context, when matching data for program 1 and program 2, FMR was approximated by FMR r P   /  where P is the size of the population (in 1000 s) r is the usage rate of program 1 as indicated by its dataset (per 1000 people in population P) α is the proportion of people using program 2 matching to those using program 1 when using a specific match key combination to match β reflects the number of comparison cells specified by the components of the particular match key being used, allowing for uneven client spread across cells.
The linkage rate α for a specific match key was gauged by using only that key for simple deterministic matching. FMR was then derived (measure B), which also allowed estimation of the trade-off between true and false matches for a specific match key combination when compared with the results from a more exact key (measure C).
Using match keys that met the above criteria, stepwise linkage was then carried out, with order of use determined by the discriminating power of the keys (measure A, going from high to low). Missing information on common elements in a key could not lead to a match as missing data were set to different values in each dataset.
The key selection and stepwise matching processes are illustrated in Tables 4 and 5 for stage 3, which matches RCCP data to the PIAC cohort as identified through the 2003-04 ACAP dataset. For comparative purposes, an estimated 'worst case' false match rate is also presented in Table 4 . Overall, 76289 matches were identified in stage 3: 60780 using keys incorporating assessment date, a further 7255 using keys with assessment team identifier, and 8254 using keys which did not include assessment data (Table 5) . Under 600 matches (0.8%) were made using keys with an estimated 'worst case' FMR of more than 10% (just 15 matches with an estimated 'worst case' FMR of more than 20%).
Note that measure A is related to the 'global u probability' used in probabilistic matching to give a measure of how likely it is that two values will agree by chance [10] . The global u probability assumes that each value of a variable has the same probability and so is defined as u number of different values  1 / ( ).
For the current application, within a dataset the global u for a specific match key is estimated by u S key uniqueness rate key uniqueness rate
where S is the size of the dataset (and assuming no more than 2 duplicates per key). For a key with a uniqueness rate of 97.5% within the dataset, then u ≈ 1/ {0.9875*S}.
Note also that the proportions of matches made using keys incorporating a subset of elements of SLK-581 provide an indication of the likelihood of inconsistent reporting of name, sex and date of birth data; that is, they indicate the size of the relevant m probabilities used in probabilistic linkage, where the m probability is the probability that a data element is recorded identically for the same client on two occasions. Matches made using different levels of region data also provide a measure of consistency in reported region of residence.
